ABSTRACT Traditional methods of analyzing genes mainly focus on a single gene. However, they are time consuming, costly, and neglect the interaction between genes. To overcome the shortcomings of traditional methods, many computational techniques have been proposed for gene analysis. Computational methods posit that the interaction between genes forms a network. By analyzing the topological characteristics of the network, a type of node, ''hubs,'' is identified. Only a small fraction of nodes is called ''hubs,'' but they interact with many partners in the network. Several methods are used to find ''hubs'' in a network. However, they are not comprehensive. Nevertheless, searching for more information about genes in a network remains challenging. In this paper, we integrate HumanNet and a framework to find a structural hole (SH) spanner. We classify genes into three classes (SH, normal, and non-SH). We also classify genes into three classes according to degree and betweenness. Enrichment analysis reveals that the SH genes are enriched for an essential one. Furthermore, enrichment analyses of disease mutations, viruses, and drugs consistently show that the SH genes are preferred targets and are important in cellular state transition. Functional enrichment shows that the biological function that the SH genes over represent is related to cell function. We demonstrate that by finding the structural hole spanner in HumanNet, we can find the SH genes that are essential and indispensable in cellular life. In addition, we identify the SH genes that are key players in cellular state transition.
analysis in the network. The most common measure is related to degree-based measurements, such as degree, coreness, and clustering coefficients. In addition, certain topological measures consider the short path in the network, such as betweenness centrality, closeness, proximity prestige, and the Bary center score. These measures obtain information about the nodes in the network. The basic topology-based method is Degree Centrality (DC), which is featured in the work of Jeong et al. [3] , who proposed the ''centrality-lethality'' rule. Moreover, to predict the essentiality of a gene or protein, the measurement of topology is used as a feature in machine learning. Chen and Xu [4] used a neural network and SVM to predict protein dispensability.
In a network, the type of node that is highly important is the hub node. These hub nodes increase the interaction with other nodes; whereas, the majority of the nodes, non-hubs, interact with only a few others. If we randomly remove non-hub nodes from a network, the structure of the network will undergo little change. However, removing the hub nodes could collapse the network. Because of their specific properties, hub nodes have attracted significant attention from engineering and biology communities.
Several methods are used to find hubs in a PPI network. Based on their degree in the network, Ekman et al. [5] proposed a means of classifying nodes into three classes, of which the following two are the most important: Proteins whose degrees are greater than eight are hubs; those with less than three degrees are non-hubs. The rest are considered intermediately connected. Batada [6] defines hubs according to the connectivity of the nodes. The top five percent of the densely connected nodes are called hubs in the network. Furthermore, protein interactions, and their sequence conservation and cellular properties can be used to identify hubs [3] , [7] . Moreover, while node degree is a purely local centrality measure, betweenness represents a global centrality measure that accounts for the shortest paths among all pairs of nodes. There are also few works that focus on proteins with a high betweenness centraliry, which is a bottleneck. Yu et al. [8] proposed that betweenness is a much more significant indicator of essentiality than degree. They selected the top twenty percent of the proteins having the most betweenness centrality as bottlenecks. They found that protein bottlenecks are more likely to be essential. But Goh et al. [9] found that betweeness is highly correlated. Therefore it is unclear whether bottlenecks are more important because they have high betweenness or high degree. Lin et al. [10] propose a method, Hubba, that merges different scoring methods including degree and some other topology characteristics into a new feature. According to the new feature, they predict whether or not a gene is essential. To bias the identification of essential proteins in a protein interaction network, Mistry et al. [11] propose DiffSLC, which combines the number of interactions of a protein and the gene co-expression values of genes as a weighting factor.
Most previous work focuses mainly on degree and betweenness centrality. However, these methods consider only the local topology characteristic. We consider information flow in a network. In a social network, nodes that densely interact tend to form a group called a community. The nodes in the same community tend to interact with each other. The community shows how people are grouped, in which a definition of the gap between groups of people is a ''Structural Hole'' (SH). The people who span a structural hole in a social network achieve more non-redundant information than other people because they are the bridge between their community and an outside one. They control the information being transmitted among communities [12] [13] [14] [15] . If these nodes are destroyed, certain nodes in the network cannot interact with the rest of the network, thereby influencing the network structure. Several import measures, such as PageRank [16] , have been applied to identify nodes that are important in the progress of information diffusion. A number of studies uses the betweenness measure to identify structural hole spanners [17] [18] [19] . Ramadan et al. [20] used the structural hole as a topological measure to train a classifier and identify a disease gene. However, they did not consider the most important properties of the SH spanner: they control the information flow in the network. He et al. [21] proposed a new algorithm, Harmonic Modularity (HAM), to identify SH spanners in a network and achieved good results. Their work outperforms other work mainly because of the following three reasons: (1) They use harmonic modularity to quantify the ability of the nodes in information flow, (2) They integrate the problem of community detection and structural hole detection, and HAM provides a new view on the analysis of the network (3) The SH spanners they found are more effective in information transition than the SH in other methods.
The completion of a cell function in a cell requires the cooperation of many genes. As in a cell cycle, many growth factors bind to receptors to stimulate a cell to progress through the cell cycle. These receptors are coded by genes. The coding process also requires many proteins to finish the downstream task. The whole process requires the exchange of information between genes to control the gene expression level of mRNA and proteins. Errors in the information flow are responsible for cancer and immunity. Therefore, because of the rich information HumanNet contains, we focus on it. Meanwhile, we consider the information flow in HumanNet to discover the nodes that are essential to information flow. To address this issue, we use the Harmonic Modularity (HAM) algorithm [21] to find structural hole spanners in HumanNet. Our main contributions are summarized as follows:
(1) We integrate HumanNet and HAM to find structural holes in HumanNet, which play an essential role in information flow in HumanNet. Then, we classify genes into three classes: SH, normal, and non-SH.
(2) After removing these three different genes in the HumanNet, we analyze the robustness parameters and find that, after gradually removing the SH genes, the HumanNet collapses quicker than the other two kinds of genes.
(3) We use enrichment analysis to characterize the SH gene in the context of essential, essentiality, and regulation at the VOLUME 6, 2018 levels of translation, proliferation, and the transition state of a cell. Furthermore, functional enrichment analysis is used to analyze the SH gene.
The remainder of this paper is organized as follows: Section II introduces HumanNet and the structural hole spanner. Section III illustrates the general framework of the algorithm. Section IV gives the result of our algorithm. Finally, Section V concludes the paper and proposes future work.
II. PRELIMINARIES A. HumanNet
In this experiment, we use HumanNet, an extended functional gene network for Homo sapiens. Diverse, distinct resources that span human mRNA co-expression, protein-protein interactions, protein complex, and comparative genomic data sets, in combination with similar lines of evidence from orthologs in yeast, fly, and worm, are used to construct a functional network for human genes. In total, HumanNet incorporates 21 genomic and proteomic data sets from the four species. In total, 476,339 functional couplings exist between 16,243 valid human protein-encoding genes in HumanNet.
We represent HumanNet as G = (E, V), where V is a set of genes and E is a set of edges between the vertices, with each set representing a relationship between a pair of genes. Each edge, e ∈ E , is associated with weight, w uv > 0, which indicates the strength of the relation. In addition, we normalize HumanNet, where each element of E is divided by the maximum element of E. Then, the edge whose exceeds the threshold is retained.
We set the threshold at 0.5. Table 1 shows the descriptive parameters for HumanNet after the process. Furthermore, HumanNet confirmed the power law distribution (R2 = 0.905) of the node degree values, which is in accordance with scale-free topology. 
B. HARMONIC FUNCTION
A network, G = (V, E), and function, h : V → R defined on nodes of G, are harmonic if, for every v i ∈ V :
where d i is the degree of node v i . Intuitively, at every node v i ∈ V , the value of a harmonic function is the average of its values at the neighboring nodes. Fig. 1 illustrates an example of the network that contains three communities and six SH spanners. The nodes within the dashed circles form a community. The nodes interact with those in the same community more frequently than the nodes outside the community. In addition, certain nodes (structural hole spanners) act as a bridge that connects different communities. From the degree screen, the degree of these SH spanners equals the average of nodes. From the betweenness screen, they do not have the highest betweenness centrality. However, they carry information from one community to another. Hence, the nodes connected with SH spanners belong to another community. In the information flow, we use a f-value to measure the impact on genes. The smaller the f-value, the more likely the gene tends to be a SH spanner. 
C. STRUCTURAL HOLE SPANNER

III. PROPOSED METHODS
A. KEY INTUITIONS
In the network, structural hole spanners are considered as the bridges between communities and play a key role in information flow. In other words, they measure the neighborhood relationships of the nodes. That is, the nodes connected to the structural hole spanners belong to a different community. Accordingly, we model the topology of structural hole spanners. First, we use the harmonic function to work as a community indicator, which measures which community a node belongs to. Based on the topological characteristics of a structural hole spanner, the difference between its harmonic function and neighbor should be large. In contrast, for a node that lies in the middle of a community, the difference between a harmonic function and the neighbor should be small. Then, we transform the search for a structural hole spanner into that for a node with the major difference between its harmonic function and that of its neighbor.
B. MODEL
Let F ∈ R n×m be the community indicator matrix and use f i to denote the i-th row of F. According to the key intuitions, we use the harmonic function to measure the difference between the node and its neighbors. Here, we use a community indicator to be the harmonic function and want every node, v i ∈ V , to carry a small difference between its harmonic function and that of its neighbor. We use the l 2,1 −norm penalty to quantify the difference. Then, the difference for each node is calculated as follows:
where d i is the degree of the i-th gene; a ij = 1 if the i-th and j-th genes are connected. Then, we calculate the sum of the differences of all the nodes. Furthermore, we desire to minimize the sum. Thus, we present the summary in matrix form as follows:
where D is the diagonal matrix whose diagonal elements are the degrees of the genes. We use the l 2,1 − norm mainly because it strives to minimize the objective function of the matrix that contains predominantly zeros. Hence, when the neighbors of node, v i , belong to various communities, fi shrinks to zero minimizing the objective function. Then, we obtain the structural hole spanner according to the value of f i 2 .
To solve the equation, we reformulate it as follows:
where P = F − D −1 AF, and Q = Diag(q),. In addition, q is an auxiliary vector of the l 2,1 − norm. The element of q is computed as follows:
where ε is a smoothing term that avoids division by zero. Eq. (4) is solved using half-quadratic minimization [22] . Details of the optimization algorithm are summarized in Algorithm 1.
After arriving at matrix F, according to key intuitions, the structural hole should have a low f-value equals to f i 2 .
According to their f-values, we classify the genes into three classes: SH, normal, and non-SH. First we sort the genes in ascending order. Second, rather than simply divide the genes into three parts according to their rank, we assume that the f-values of the three classes follow Gaussian distribution.
Algorithm 1 Harmonic Modularity (HAM)
Input: 
To find the unknown parameter of the three Gaussian distributions, we use an expectation-maximization (EM) algorithm which is used to find maximum likelihood parameters of a statistical model to separate genes.
IV. RESULTS
A. CLASSIFICATION RESULTS
We apply the HAM algorithm to identify the structural hole spanner in HumanNet. In HumanNet, 25% (1,721) of the genes are SH, 37% (2,483) are normal, and the remaining 38% (2,565) are non-SH. The degree of some SH genes and description about the function of the genes in Genecards (http://www.genecards.org/) is shown in Table 2 . To prove our result differs from the degree-based and betweenness-based strategies, we also use a degree-based strategy to classify genes into the following three categories: ''high degree'' (i.e. mean degree = 130.36), ''medium degree'' (mean degree = 50.41), and ''low degree'' (mean degree = 5.54). The betweenness-based strategy is also used to classify genes into three categories.
B. NETWORK TOPOLOGY ANALYSES
As shown in Fig. 2 , the three gene types are separated according to degree of distribution. Additionally, compared with the normal and non-SH genes, SH genes tend to have a higher degree. This difference exists mainly because, when the node degree becomes high, the neighbors of the SH genes have increased opportunities to belong to a different community. Hence, the value of f i 2 becomes small. However, there is not a good linear correlation between degree and value of f i 2 (Fig. 3) . Also there is no good linear correlation between betweenness and the value of f i 2 (Fig. 4) .
However, betweenness is significantly related to degree (Fig. 5) , meaning that the structural holes we found are based on their function in the information flow, not their degree or betweenness centrality; thus, the network can be understood in a different way.
Because SH spanners carry the interaction between different communities (function modules in the biological network), if these genes were removed, heavy traffic jams would result, causing the whole transportation system to fail.
Next, we perform the following iterative process: (1) We sort the genes in a HumanNet in descending order according to their f-values; (2) After removing the top-ranked gene, for the remaining genes, we determine robust parameters (commonly used for studying network behavior during attack simulations [23] , [24] ); (3) Then, we return to Step (2) above and repeat the process. When all the genes are removed, the iterations cease.
An analysis (Fig. 6 ) of the changes in the diameter, shortest path length, the largest subgraph size and edges in the largest subgraph reveals that removal of the SH genes, although resulting in decreased robustness of the HumanNet, is effective in decreasing the robustness of HumanNet. The decrease in the average clustering coefficient reveals that, after removal of a SH gene, the network tends to connect weakly.
C. DATASETS
To do an enrichment analysis, we used the following seven data sets: Essential gene [25] , [26] , Protein abundance [27] , GO gene [28] , HIV targets [29] [30] [31] [32] [33] [34] , Cancer gene [35] , Common virus targets [36] , [37] and FDA [38] .
Essential Gene [25] , [26] : We downloaded essential genes from the OGEE database containing 1,122 genes that overlap with those of the HumanNet.
Protein Abundance [27] : We downloaded two groups of proteins according to cellular abundance and high (>100,000) and moderate (5,000-100,000) copies.
GO Gene [28] : Go genes positively regulate proliferation. In turn, their depletion limits proliferation and survival.
HIV Targets [29] [30] [31] [32] [33] [34] : We downloaded HIV targets, RNAi and PPI. The former identifies host factors having an adverse effect on HIV-1 replication when knocked down. The latter identifies host proteins that interact with HIV-1 proteins, which are the direct targets of HIV.
Cancer Gene [35] : We downloaded cancer genes (genes that are causally implicated in oncogenesis) from the Cancer Gene Census.
Common Virus Targets [36] , [37] : Virus targets were downloaded from VirHostNet.
FDA [38] : We downloaded FDA from DrugBank http://www.drugbank.ca/. The genes in this data set are targets of drugs approved by the U.S. Food and Drug Administration (FDA).
D. ENRICHMENT ANALYSIS
To estimate the significance of overlap between a given gene set, S, and data set, D, we utilized enrichment analysis and computed enrichment z-scores as follows:
where S D is the number of genes that overlap between S and D; R D is the number of genes from data set, D, that overlap with a random set of genes of the same size as N. Mean and S D of R D are computed from 1,000 simulations of random sets. The entire HumanNet, with 6,769 genes, was used as the background for random sampling.
We applied enrichment analysis to the structural hole and the results of degree-based and betweenness-based strategies.
We first characterized SH, normal, and non-SH genes in the context of essentiality. As shown in Fig. 7 , the gene essentiality analysis indicates that SH nodes are enriched in essential genes; whereas, no significant enrichment is observed in the other kinds of genes. This case is consistent with previous studies that posit that genes with high degrees tend to be essential genes [3] . Besides, as shown in Fig.8 , ''high degree'' genes have significant enrichment in essential genes. But, as shown in Fig .9 , ''high betweenness'' genes show no significant enrichment in essential genes, which reveals that our methods capture some insightful information about the role of genes in a network in a different way. Besides, our method helps to identify essential genes that do not have a high degree and helps us to understand essential genes in a novel way.
Next, we characterized t gene classification in terms of regulation at the translational and proliferation levels.
We analyzed the protein steady-state abundance in cell lines as a measure of translation regulation. Cellular processes, such as translation, protein folding, and splicing, are mostly conducted by high-abundance proteins. However, proteins involved in sorting and localization, e.g., nuclear transport, are moderately abundant [27] . As shown in Fig. 7 , enrichment analysis reveals that SH genes are enriched as high and medium copy number proteins. This result indicates that SH genes mainly carry out the core cellular function in translation regulation.
We analyzed the SH genes from the regulation of a cell proliferation screen. Go genes consist of essential and certain genes that enhance proliferation rates. The Go gene carries essential core cellular activities, such as spliceosome, RNA polymerase, and DNA replication, required for proliferation. As shown in Fig. 7 , the enrichment analysis suggests that SH genes are enriched in GO genes. The analysis further indicates that SH genes are important in cell proliferation.
The analysis of SH nodes in the context of translation regulation and cell proliferation shows that SH nodes are important in cellular function because they act as a bridge between communities. They may transport information throughout the network to maintain communication between genes and ensure that the genes cooperate to accomplish their cellular function.
We characterized the genes in the context of cell state transition. Here, we analyzed three different transitions: (1) from healthy to diseased caused by mutations in the gene or other genetic alterations; (2) from healthy to infectious caused by human viruses; and (3) from a diseased to a healthy state influenced by drugs. These scenarios are the three major transitions that occur in cells that indicate that specific gene types should be enriched for (1) disease-causing mutations, (2) human virus targets, and (3) drug targets.
First, we analyzed the 616 genes downloaded from the Cancer Gene Census [35] . These genes are identified as mutated genes that are causally involved in cancer development. As shown in Fig. 10 , SH genes are highly enriched in cancer genes. A previous study proved that cancer genes tend to be hub genes in the genetic networks of tumors [39] , [40] . Next, we analyzed the gene types attacked by human viruses to drive cells from a healthy to an infected state.
We analyzed the HIV targets, PPI and RNAi and common virus targets. As shown in Fig. 10 , SH genes are enriched in HIV RNAi after screening, indicating that SH genes tend to have an effect on HIV-1 replication based on functional genomic screening. Fig. 10 also shows that SH genes are enriched for physical interaction with HIV after the analysis of the direct target of HIV. Analysis of the human-virus networks reveals that the virus controls the host network by attacking the SH genes. This finding is in agreement with the research that viruses tend to attack hubs [41] . Finally, we characterized the genes in the context of transition from disease to healthy. As shown in Fig. 10 , SH genes are enriched for drug targets based on the analysis of the targets of drugs approved by the U.S. Food and Drug Administration (FDA).
An enrichment analysis of disease mutations, viruses, and drug targets showed that SH genes are more likely to be targets and are important in cellular state transition. This result agrees with the definition of the SH spanner, in that it acts as the bridge of the community. If the bridge is broken, the communication between the communities may be destroyed, and the cell may be driven from a healthy to a diseased state. When a cell is in a diseased state, drugs that target the SH nodes can drive the cell back to a healthy state.
E. FUNCTIONAL ENRICHMENT
We used DAVID [42] , [43] to reveal over-represented biological functions. Databases, such as Gene Ontology and KEGG Pathway, were used to search for relevant enriched functions. Only functions with p-values of less than 0.00001 are considered in the analysis. The functional enrichment analysis of these SH nodes shows their involvement in poly RNAbinding, rRNA processing, translational initiation, protein binding, translation, DNA replication and positive regulation of gene expression.
Moreover, these genes are associated with certain pathways that are involved in many essential cellular functions. For example, a cell cycle is important in preventing uncontrolled cell growth. The proteasome is involved in many essential cellular functions. The spliceosome is important in post-transcription, viral carcinogenesis, and RNA polymerase. The function enrichment is consistent with the enrichment analysis mentioned above. Most biological functions that SH genes over-represent are related to cell function, indicating that SH genes are important to the core functions of a cell.
We also calculated the occurrence of different biological process annotations from the gene ontology annotation scheme in the three different classes. As Table 3 shows, most of the GO terms that SH genes have are related to cell cycle and transcription. Besides, we extracted the top ten genes that have the smallest f-value. These ten genes form a connected subgraph (Fig.13 ). The GO annotation shows that the subgraph may be related to the protein metabolic process (GO:0019538), cellular protein modification process (GO:0006464), and cell-cell signaling (GO:0007267).
V. CONCLUSION
Gene analysis is highly significant; however, biological analytical methods are time-consuming, costly, and inefficient.
In this study, we analyzed genes through HumanNet to identify their importance. Moreover, we obtained the structural hole spanner in the HumanNet.
First, using the harmonic function, we characterized the neighborhood relationship among the nodes. Then, we used a f-value to measure the power that genes have in information flow. Then, we classified the genes into three classes (SH, normal, and non-SH) based on their f-values. We evaluated the relationship between f-value and two traditional topology characteristics. This evaluation shows that there is no significant relationship between f-value and the other two approaches., indicating that our methods reveal the topology of the networks in a different way.
Finally, we used enrichment analysis to analyze the role of a gene in the HumanNet. SH genes tend to be essential genes and carry out the core functions in translation and proliferation. Besides, using disease-causing mutations and virus and drug targets, SH nodes are important in cellular state transition.
In future study, more biological information, such as phosphorylation site, will be used to help understand the function of genes.
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